In Brief
Carter et al. create a single-cell transcriptional atlas of the developing murine cerebellum consisting of 39,245 cells from 12 time points. The main cerebellar lineages are identified, as are both known and novel putative transcriptional regulators. The dataset is integrated into the web-based interface Cell Seek for interactive exploration.
SUMMARY
The cerebellum develops from a restricted number of cell types that precisely organize to form the circuitry that controls sensory-motor coordination and some higher-order cognitive processes. To acquire an enhanced understanding of the molecular processes that mediate cerebellar development, we performed single-cell RNA-sequencing of 39,245 murine cerebellar cells at twelve critical developmental time points. Using recognized lineage markers, we confirmed that the single-cell data accurately recapitulate cerebellar development. We then followed distinct populations from emergence through migration and differentiation, and determined the associated transcriptional cascades. After identifying key lineage commitment decisions, focused analyses uncovered waves of transcription factor expression at those branching points. Finally, we created Cell Seek, a flexible online interface that facilitates exploration of the dataset. Our study provides a transcriptional summarization of cerebellar development at single-cell resolution that will serve as a valuable resource for future investigations of cerebellar development, neurobiology, and disease.
INTRODUCTION
Although the cerebellum contributes to only $10% of total brain volume in humans, it contains more than half of the total number of neurons in the central nervous system (CNS) [1] . The cerebellum has a crucial role not only in motor control and coordination, but also in cognitive functions, including executive function, spatial cognition, and linguistic processing [2] . During embryogenesis, the cerebellum is one of the first brain structures to emerge, with development continuing until approximately 2 years of age in humans and 3 weeks in mice [3] . The complex and extended process of cerebellar development makes it particularly vulnerable to errors in the developmental program which can result in cerebellar anatomical defects, as is seen in patients with Joubert syndrome, Dandy-Walker malformation, and pontocerebellar hypoplasia [4] . In addition, mutations that perturb normal cerebellar development result in childhood brain tumors, such as medulloblastoma, astrocytoma, and ependymoma [5, 6] .
The major cell types of the cerebellum, such as the excitatory glutamatergic and inhibitory GABAergic neurons, as well as glial populations, migrate into precise, spatially organized locations. The cells arrange in three distinct layers (from outer to inner layer: molecular, Purkinje, and internal granular layers) that overlay the white matter and cerebellar nuclei (CNs). The early cerebellum contains two primary germinal zones: the upper rhombic lip (uRL), defined by progenitor cells expressing Atoh1, and the ventricular zone (VZ), defined by Ptf1a-expressing progenitors. These distinct anatomic regions give rise to glutamatergic neurons and GABAergic neurons, respectively [7] [8] [9] [10] . Mouse studies have established the highly orchestrated emergence of each of the main neuronal lineages at specific stages during cerebellar development. Among glutamatergic populations, neurons destined to become CN are the first to be produced from the uRL between embryonic day 10.5 (e10.5) and e12.5, which is followed by granule neuron progenitors (GNPs) starting from e13.5 [7] [8] [9] . GNPs first migrate tangentially from the uRL to the surface of the cerebellum to form the external granular layer (EGL). Postnatally, GNPs undergo massive proliferation peaking at postnatal day 5 (P5)-P7 before differentiating and migrating radially along the Bergmann glia fibers to form the granule neurons of the internal granular layer (IGL). Unipolar brush cells (UBCs) are the last glutamatergic neurons to emerge, at e15.5 [11] . Among GABAergic populations, Purkinje cells (PCs) emerge from the VZ between e10.5 and e13.5 and GABAergic interneuron progenitors then appear from e12.5 and undergo postnatal differentiation [12] [13] [14] .
Although the cellular origins and cell fates contributing to development of the mature cerebellum are well documented, there remain numerous open questions related to the molecular mechanisms underlying these processes that have yet to be fully explored with existing technologies. For instance, the transcriptional cascades triggering the cell-fate and differentiation programs of the glutamatergic and GABAergic lineages are incompletely understood, and the essential genes and transcriptional regulators orchestrating such specification remain poorly defined.
To date, most transcriptional analyses of the mouse cerebellum have been limited to bulk populations harvested from wild-type or transgenic mice. For instance, the FANTOM Consortium utilized cap analysis expression (CAGE) to create transcriptional profiles of bulk cerebellum samples at twelve time points from e11 to P9 [15] . Additional studies performed on the Atoh1 lineage (Atoh1
CreERT2
; eGFP) [16] and Atoh1 knockout cells (Atoh1 À/À ) [17] have also been reported. These studies, although informative, provided only an average transcriptional summary of either bulk cerebellar populations consisting of admixtures of cell types or bulk profiling of enriched populations, limiting their capacity to provide a complete overview of transcriptional heterogeneity present within and across different neuronal lineages. Single-cell RNA sequencing (scRNA-seq) is rapidly transforming transcriptomic studies of tissue development and maintenance, allowing for the discovery of new cell types and providing a more systematic and replete understanding of the regulatory programs contributing to the morphogenesis and integrity of a given tissue. In the CNS, multiple studies have demonstrated the utility of scRNA-seq in discerning cell-type diversity driven by distinct transcriptional profiles [18] [19] [20] [21] [22] [23] [24] . For example, La Manno and collaborators performed scRNA-seq of the developing human and murine midbrain at several time points, studying a total of 1,977 and 1,907 cells, respectively [23] . This study provided a deeper understanding of midbrain development and implicated new factors that could enhance the creation of replacement dopamine-producing cells of the substantia nigra for patients with Parkinson's disease. Similarly, analyzing the transcriptomes of 5,072 single cells derived from the oligodendrocytic lineage, Marques et al. identified a series of distinct oligodendrocyte subtypes [24] . Still, the majority of scRNA-seq studies reported to date, irrespective of tissue type, have studied A B Figure 1 . Overview of the Experimental Strategy (A) Schematic representation of mouse cerebellar development highlighting the time points used in the study as well as the birthdates of the major neuronal cell types (also see Figure S1 for the distribution of UMI counts across replicates and sample dates). (B) Illustration of the experimental workflow using the 10x Genomics Chromium platform.
fully developed tissues or single developmental time points. A recent study used combinatorial indexing to generate over 100,000 scRNA-seq profiles from the brain and spinal cord, with over 15,000 cerebellar cells identified [25] . However, only two postnatal time points were examined, and the majority of analyzed cells were of the granule neuron lineage.
In the current study, we analyzed the transcriptomes of 39,245 single cells across twelve developmental time points to investigate the diversity and transcriptional composition of cell types present during murine cerebellar development. Our study provides an unbiased classification of cerebellar populations and their associated gene expression profiles throughout development. We also provide a flexible interactive web-based interface that enables investigators to explore this dataset to inform new hypotheses about cerebellar development and disease that warrant further study.
RESULTS

Generation of a Single-Cell Transcriptional Atlas of Cerebellar Development
To perform an unbiased classification of distinct cellular populations present in the developing murine cerebellum, we sampled twelve independent time points (ranging from e10 to P10) across cerebellar development, including sampling every 24 hr from e10 through e17 (e10, e11, e12, e13, e14, e15, e16, and e17) and four postnatal time points (P0, P4, P7, and P10) ( Figure 1A ). To establish the reproducibility of our approach, we collected independent biological replicates isolated from different pregnancies for each time point. Cerebellar development in mice begins at $e9.5-e10 when the roof plate secretes morphogens that give rise to the early cerebellar anlage. This is followed by the birth, proliferation, migration, and differentiation of distinct cell types until around P21 [26] . The selected time points cover the major milestones of cerebellar development and span the emergence and maturation of the major neuronal lineages ( Figure 1A) . After gross dissection, cells from the cerebella were gently dissociated with papain and filtered to generate a single-cell suspension ( Figure 1B ). Dissociated cells were loaded onto an oil droplet generator to combine individual cells with reverse-transcription reagents and a gel bead coated with oligonucleotides consisting of a poly(dT) sequence, a cellspecific index sequence (GemCode), and transcript-specific unique molecular index sequences (UMIs) using the Chromium System from 10x Genomics. The resulting amplicons contain both a cell barcode and transcript barcode, allowing for the normalization of amplification biases introduced during library construction prior to sequencing. Transcriptional profiles were acquired from 77,648 single cells in total, including 39,245 cells with less than 10% mitochondrial transcripts and at least 3,500 but no more than 15,000 unique transcripts after removal of mitochondrial genes and ribosomal proteinencoding genes ( Figure S1 ; Table 1 ). Ribosomal genes were removed because the number of ribosomal transcripts in a cell has been shown to affect data clustering in downstream analyses [27] . We removed cells with extreme values of UMIs to prevent inclusion of both empty and duplicate cells in the dataset, as experiments based on microfluidic singlecell datasets show that empty and multiplet cells have lower and higher UMI counts, respectively, compared to singlet cells [28] . In addition, dead cells were shown to be enriched with mitochondrial encoded genes, presumably due to loss of cytoplasmic RNA as a result of cytoplasmic membrane disruption. A matrix of unique transcript counts for cells passing quality control criteria across the detected genes for all time points was then created and used for all subsequent analyses.
Recapitulating Cerebellar Development with scRNA-Seq To evaluate the similarity in expression profiles between cells across the filtered dataset of 39,245 cells, transcript counts were first normalized by total UMI counts/cell and log 2 transformed. Cells were then embedded in two dimensions using the Barnes-Hut implementation of t-SNE applied to the top 50 principal components of the top 1,000 overdispersed transcripts, as performed previously [29, 30] (Figure 2A ). Reassuringly, biological replicates isolated from independent pregnancies representing equivalent developmental time points tightly clustered together ( Figure S2 ). Moreover, populations from individual developmental time points arranged in temporal order down several putative cell lineages ( Figure 2A ).
To identify populations exhibiting distinct transcriptional profiles, we performed hierarchical clustering followed by the application of dynamicTreeCut, identifying 48 distinct clusters in the dataset [31, 32] ( Figure 2B ). We then determined the genes that were most uniquely expressed in each of the clusters in comparison to all other clusters. Specifically, we calculated the proportion of cells in each cluster that expressed each gene compared to all other clusters and identified the top 100 most discriminatory genes for each cluster. We then created a heatmap of the top 10 most uniquely expressed genes for each cluster ( Figure S3 ) and used a series of known cerebellar lineage markers to identify individual clusters ( Figures 2C and 2D ). Marker genes were selected based on their known annotation in the literature and by verifying their spatiotemporal expression in the cerebellum using in situ hybridization data available from the Allen Brain Atlas ( Figure 2D ) [33] . As hallmark examples of different marker genes used to assign cluster identity, we used Hes5 to indicate progenitor cells, Slc1a3 to mark astrocytes [34] , Pax6 to mark GNPs and/or granule neurons [35] , Meis2 to identify glutamatergic CNs [36] , Lhx5 to identify GABAergic progenitors [36] , Calb1 to mark PCs [37] , and Pax2 to indicate GABAergic interneurons [38] .
Cell types inferred using this approach included: cells expressing markers of the roof plate (cluster 14) such as Lmx1a and Msx1, early progenitor populations (clusters 6, 16, 18, 20, 3, 30, 8, 17, 38, 36) that express Id1 and Msx3, glutamatergic populations comprising GNPs and/or granule neurons (clusters 21, 10, 2, 7, 37, 26, 11, 9, 4, 13, 32, 22) that are marked by a combination of Atoh1 and/or Pax6, and glutamatergic CNs (clusters 5, 39, 23) that uniquely express Meis2 and Lhx2 ( Figure 2C ). Among GABAergic populations, we identified a series of GABAergic progenitor clusters (clusters 15, 1, 27, 28) that express Lhx1 and Lhx5. Additionally, we identified two clusters, clusters 34 and 40, most likely representing GABAergic interneurons that uniquely expressed Pax2 and Lbx1 [38] . We also noted that cluster 12 contains the more differentiated PCs characterized by unique expression of PC marker genes Calb1 and Car8 [37, 39] . We then identified glial populations (clusters 19, 25, 29, 31, 35 ) that included a cluster of oligodendrocytes that expressed Sox10 and Olig1 (cluster 29), Bergmann glia in clusters 19 and 31 that had high expression of Hopx and Gdf10, and microglia (cluster 44) that expressed high levels of Tmem119 and Itgam ( Figure 2C ) [40, 41] . We also identified additional populations, as indicated in Figure 2C , that exhibited distinct expression profiles from the major neuronal and glial clusters. We again attempted to identify Hbb−bt
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Id3 Id1   6  18  16  20  38  8  30  3  17  36  35  39  5  23  26  21  22  11  13  10  9  2  7  32  4  37  28  15  1  27  12  34  40  14  29  19  25  31  46  43  48  33  45  42  47  44  24 See also Figure S1 for the distribution of UMI counts across samples, Figure S2 for the proportion of cells in each cluster for each sample date across replicates, and Figure S3 for the most discriminatory genes for each cluster. Figure 2C ). We next examined the relative proportion of each of the major cerebellar populations contributing to the dataset at each developmental stage. Relative cell-type proportions were calculated within and across clusters at each developmental time point based on the percentage of cells that expressed known lineage markers ( Figure 3A) . As expected, the progenitor populations were most abundant during early embryonic stages (e10-e13) and gradually diminished as they gave rise to glutamatergic CNs starting at e10, GABAergic populations starting at e12, GNPs starting at e14, and astrocytic populations beginning at e12 [5] . Although the proportional diversity of different cell types peaked during late embryogenesis, this diminished postnatally as a result of the massive expansion of cells from the granule neuron lineage that contributed to $80% of analyzed cells at P10 (Figure 3 ).
Identifying Factors Regulating Glutamatergic Fate Specification
To present an example of developmental insights that can be extracted from this resource, we performed deeper analyses of transcription factors (TFs) that coordinate fate specification of glutamatergic progenitors toward either glutamatergic CNs or granule neurons. Specifically, we isolated clusters of cells corresponding to early glutamatergic CNs (clusters 5, 23, 39) or early GNPs (clusters 21, 22). We then restricted our analysis to TFs (as annotated in AnimalTFDB) [42] determined to be expressed in at least 5% of the cells in the clusters of interest, which was chosen to limit the inclusion of genes that were erroneously assigned to cells as a result of experimental artifacts. We used Monocle 2 to order cells based solely on the similarity of their global TF expression profiles [43, 44] . As seen in Figure 4A , the cells ordered largely based on sample date with a single major bifurcation, which we conjectured was the progenitors branching into the glutamatergic CNs and GNPs.
To test that assertion, we mapped known markers onto the pseudotime tree and confirmed unique expression of Pax6, Zic1, and Neurod1 in the putative GNPs, as well as Meis2 and Lhx9 in the putative glutamatergic CNs ( Figure 4B ). We also noted that some cells did not order completely based on sample date. For example, in the branch that precedes the bifurcation, cells from e10 to e14 could be found at various distances from the branch point. This suggests that cell-fate decisions are occurring in a manner that is not completely synchronous at these early stages. These observations further highlight the utility of examining development using scRNA-seq, as even bulk RNAseq performed on a distinct population at a single time point would include cells at varying stages of differentiation, making it challenging to disentangle. To implicate TFs that may be playing an integral role in glutamatergic progenitor cell-fate decisions, we used the Monocle 2 tool Branched Expression Analysis Modeling (BEAM), which identifies genes that have branch-specific expression patterns [43] . We used BEAM to identify TFs that exhibit nonrandom expression patterns when progressing from the progenitor branch down the glutamatergic CN versus GNP branches. Using a q value cutoff of 5 3 10 À5 , we narrowed the list of highly variant TFs to 82 candidates. We then used Monocle 2 to create a heatmap that shows the branch-specific expression patterns of these candidates along each of the two primary developmental pathways (glutamatergic CNs versus GNPs) ( Figure 4C ). Three distinct patterns of TF expression were identified along the tree: (1) a pattern of high expression at the branch point with loss of expression as cells differentiated into either glutamatergic CNs or GNPs (e.g., Atoh1, Barhl2, Insm1, and Klf4), (ii) a pattern of low TF expression along the root and glutamatergic CN trajectory but high expression along the GNP trajectory (e.g., Neurod1, Pax6, and Sp5), and (3) a pattern of low TF expression along the root and GNP trajectory with high expression along the glutamatergic CN trajectory (e.g., Pbx3, Sox4, Neurod6, and Pax5). We then used a complementary approach that does not rely on pseudotemporal ordering of cells to further implicate TF networks that are likely to play a role in glutamatergic progenitor cell-fate specification. Accordingly, using the same clusters that were included in the Monocle 2 analyses, we created correlation networks of the expressed TFs. The correlation network contains edges between TFs with Pearson correlation coefficients greater than or equal to 0.20, and nodes are colored according to the sample date of cells with the highest mean expression of the candidate TF ( Figure 4D ). Using this approach, we identified two clusters of correlated TFs, one of which appeared to correspond to glutamatergic CNs and the other to GNPs. In addition, we identified TFs that connect the two groups, including the canonical glutamatergic fate specifier Atoh1. From this stage, investigators could focus on TFs that fit several patterns to narrow their focus to factors that would be hypothesized to have the most biological impact. For example: (1) TFs for which the highest expression was observed in cells isolated at the earliest sample dates in that network, suggesting that they are initiators of that fate specification (e.g., Nhlh2, Ebf1, and Meis2/3 in glutamatergic CNs and Tcf3 and Id2 in GNPs), (2) TFs harboring shared connections between distinct clusters of TFs, suggesting that they are common initiators of GNP and glutamatergic CN fate specification (e.g., Atoh1 and Tcf4), or (3) TFs exhibiting the highest number of edges, suggesting that they could be a central coordinator of the developmental programs (e.g., Nhlh2, Sox11, Evx1, and Lhx9 for glutamatergic CNs and Pax6, Ybx1, and Sp5 for GNPs).
Interactive Exploration of the Developing Cerebellum Using Cell Seek
We have presented an example of how our transcriptional atlas of murine cerebellar development can be used to gain a deeper understanding of glutamatergic fate specification and the TFs coordinating these processes. We also performed analogous studies on GABAergic populations ( Figure S4 ). To facilitate individualized exploration of the dataset across the neurobiology research community, we have developed an interactive web-based interface called Cell Seek where similar types of analyses can be performed on any selected subset of the data ( Figure 5 ).
With this interface, users can visualize expression levels and phenotypic information of cells across the complete dataset and perform the analyses described above on any subset of the data. A hexgrid approach for viewing the global t-SNE plot was implemented to allow users to efficiently view summarizations of expression from a large number of cells in a small area that would otherwise be plotted on top of one another ( Figure 5A ). To this end, all cells within a hexbin are grouped together, and a summary function is used to map expression or phenotype values of the cells onto each encompassing bin. This summary function outputs the mean normalized expression and the most frequent categorical feature (sample date, cluster, etc.) across cells in that hexbin. Zooming and panning maintain the maximum number of rendered hexbins, resulting in decreasing or increasing numbers of cells contained in bins, which allows users to obtain higher-resolution views of areas of interest within the plot. Cells or subgroups can also be selected from the hexgrid plot for pseudotime ordering or correlation network analyses.
As an illustration of the utility of this interface, we repeated the analyses performed in Figure 4 . As seen in Figure 5A , users can select a desired subgroup of cells either by lasso or by choosing cells from a specific sample date or cluster. In this case, we chose the same clusters that were used to analyze glutamatergic fate specification but colored them by sample date. Once the desired cells are selected, users can order the cells in pseudotime using Monocle 2 ( Figure 5C ). BEAM can then be applied to identify genes with differential expression down chosen branched paths after rooting the tree and selecting the branch point. Users can create a heatmap of TFs that show nonrandom expression across pseudotime ( Figure 5D ). Finally, users can form correlation networks of expressed TFs ( Figure 5B ). This is just an illustrative example. Users can explore any cell type present in the dataset to inform new hypotheses about cerebellar development and disease.
DISCUSSION
In this study, we provide an unbiased transcriptional atlas of murine cerebellar development at single-cell resolution. With this dataset, we identified the main cerebellar lineages as well as their subpopulations, including GABAergic interneurons, PCs, GNPs and/or granule neurons, and glutamatergic CNs. In addition, we identified populations that contribute to cerebellar development, including the roof plate cells, glia, and meninges. By focusing our analyses on specific cell-fate decisions, novel candidate TFs expressed during cerebellar development add to the knowledge acquired by previous lineage tracing and gene expression studies performed on bulk populations to provide a more complete view of cell-type-specific transcriptional landscapes governing cerebellar development [16] . To facilitate the exploration of these data and allow users to inform new hypotheses about cerebellar biology, we created a user-friendly web interface that will serve as a valuable resource for investigators to probe unanswered questions related to cerebellar development, neurobiology, and disease.
The current study could be expanded through the use of transgenic reporter mice that label specific neuronal populations, facilitating the isolation and single-cell transcriptional profiling of rare cell types. Such efforts would allow for more comprehensive detailing of transcriptional and cellular heterogeneity among lineages of interest. For example, during postnatal stages, GNPs and granule neurons dominated our dataset, where they represented >80% of analyzed cells at P7 and P10. This increase in the relative proportion of granule neurons at postnatal stages most likely limited our capacity to describe the full extent of heterogeneity among less abundant cellular populations. Moreover, certain cell types such as UBCs appeared to be underrepresented in our analysis, warranting additional experimental and technical considerations.
Through the unbiased identification of distinct cell types, we have provided an important resource for understanding how specific cell states interact with specific gene alterations to cause human disease. For example, causal mutations for Mendelian disorders like Joubert syndrome are present in every cell of the CNS, but patients with Joubert syndrome typically have brain anatomical defects limited to their cerebellar vermis and midbrain [4] . Identifying the specific cell type(s) within the cerebellum that has its developmental program altered as a result of mutations in specific genes could provide important new insights into their etiologies and pathogenesis. Similarly, pediatric brain tumors, such as medulloblastoma, astrocytoma, ependymoma, and others, are diagnosed in the cerebellum and thought to originate from distinct cerebellar progenitor populations. Identifying the cell states that interact with initiating mutations to promote brain tumorigenesis could facilitate a deeper understanding of the biology underlying those malignancies.
In conclusion, our single-cell transcriptional atlas of the developing murine cerebellum provides accurate high-resolution details of cerebellar development in an unbiased transcriptome-wide manner. We anticipate that these tools will enable further deconvolution of the complex processes required for cerebellar development while providing a resource for better understanding how aberrant cerebellar development results in disorders and disease.
STAR+METHODS
Detailed methods are provided in the online version of this paper and include the following: 0 Software Suite (10x Genomics) was implemented to process the raw sequencing data. This pipeline performed de-multiplexing, alignment using STAR to the reference mm10, and barcode processing to generate gene-cell matrices used for downstream analysis. The resulting UMI count matrices initially contained 77,648 unique genes across all samples.
Single-Cell RNA-Seq Data Filtering and Normalization Genes not expressed in any cells were removed from consideration, as were all mitochondrial and ribosomal protein genes. To remove likely dead or multiplet cells from downstream analyses, cells were discarded if they had less than 3,500 UMIs, greater than 15,000 UMIs, or were composed of over 10% mitochondrial UMIs. This was performed to remove empty droplets, multiplet cells, and broken/dead cells, respectively. Microfluidic-based single-cell datasets have demonstrated that empty cells have fewer transcripts than single or multiplet cells, multiplet cells have higher transcript counts than single cells, and broken cells have higher mitochondrial transcript counts than single or multiplet cells [28] . The final dataset consisted of 39,245 cells and 21,657 genes. UMI counts in each cell were normalized via division by the cell's total UMI count, scaled by the median UMI count across all cells and log 2 -transformed after the addition of 1.
Cell-Cell Comparison and Identification of Cell Types
Cells that remained after filtering were embedded in two-dimensional space using t-SNE with the Barnes-Hut implementation [45] . The input for t-SNE was the first 50 principal components after application of PCA to a centered and variance-scaled subset of the filtered and normalized dataset. The 1,000 most overdispersed genes were used for PCA. The dispersion was calculated for each gene where genes were placed into 20 bins as performed previously [30] . Within each bin, the dispersion of each gene was converted to a Z-score and the 1,000 genes with the highest dispersion across the bins were retained. Hierarchical clustering of the cell expression profiles of the top 1,000 overdispersed genes was performed using the Ward method [46] applied to the Euclidean Distance matrix. Clusters were identified using dynamicTreeCut, which is an iterative cluster partitioning and agglomeration method that operates on dendrograms [31, 32] .
Clusters were assigned to cell types using known marker genes. The cell type assignments were validated using sample dates of cells assigned to each cell type.
Pseudotime Inference and Identification of Lineage-Specific TFs Monocle 2 was used to infer the pseudotemporal ordering of cells in early glutamatergic populations (clusters 5, 21, 22, 23, 39) and separately for GABAergic populations (clusters 1, 12, 15, 27, 28, 34) . We assumed the raw UMI counts were distributed according to a negative binomial distribution with fixed variance expression family to model the raw UMI count data, as recommended by the authors of Monocle 2 [43] , and we only used TFs that were expressed in at least 5% of the cells examined. The Monocle 2 function BEAM was used to identify TFs that are enriched along particular branches in the pseudotime tree. Branched heatmaps were constructed using genes with q values less than 5x10
À5 from the BEAM.
The TF co-expression network was constructed by calculating the Pearson correlation coefficient between expressed TFs separately for the glutamatergic and GABAergic clusters, as described above. Expressed TFs were those that were annotated as such in AnimalTFDB [42] and expressed in at least 10% of the analyzed glutamatergic cells. Nodes in the network represent TFs and they are connected by edges that indicate that normalized expression levels across the glutamatergic cells with a Pearson correlation coefficient of at least 0.20.
DATA AND SOFTWARE AVAILABILITY
The accession number for the raw sequence data reported in this paper is European Nucleotide Archive: PRJEB23051. Data processing and figure generation was performed using the R Statistical Language and is available in an R markdown file at https://github.com/CerebellumDev/CerebellumDev.Rmd.
Cell Seek is a web-based application that allows interactive exploration of this dataset, including identifying TF expression correlation networks and linear and bifurcating trends in pseudotime using Monocle 2. The application is implemented in RStudio's Shiny web-application framework on the server side, which enabled the integration of Monocle 2 and will facilitate the development of future improvements leveraging the availability of Bioconductor R packages for biological data analysis. It can be accessed at https://cellseek.stjude.org/cerebellum/.
ADDITIONAL RESOURCES
A user guide for Cell Seek that explains basic functionality can be found at https://gawadlab.github.io/CellSeek.
